Understanding the connectivity patterns of marine populations is essential for their management and conservation. In the case of sedentary fish and invertebrate populations, connectivity stems not only from the stochastic nature of the physical environment that affects early-life stages dispersal, but also by the spawning stock attributes that affect reproductive output (e.g., passive eggs and larvae) and its survivorship, constituting the so-called spatial and temporal spawner-recruit system. Despite these key properties of marine populations, the design of networks of marine protected areas (MPAs) often disregard connectivity patterns. In this context, connectivity networks' properties, such as betweenness and closeness, can provide valuable input for MPA network design to achieve conservation and fisheries objectives. We performed a step-by-step analysis, increasing the level of network complexity, to assess connectivity patterns of early life stages of marine species from a MPAs network in the Western Mediterranean. A simple full non-directed and unweighted network of 12 nodes representing network sites was created as a null model. It was the basis for a more complex network in which the link between sites initially consisted on the geographical distance between them. A hydrodynamic model was then coupled to evaluate the dispersion of eggs and larvae after 21 days of transport, obtaining a connectivity network of hydrodynamic distances. The 21 days of transport represent a biological trait shared by an ensemble of species in the zone. This network can address objectives related to conservation and fisheries regulation from a multi-species perspective. Then, the painted comber, a sedentary and coastal fish with ca. 21 days of pelagic larval duration, was selected as model species to address questions related to a specific spawner-recruit system. The hydrodynamic network was updated by coupling information on the total egg production per site and available habitat for spawning and nursery. This biophysical network illustrates how the demographic characteristics impact the properties of the spawner-recruit system. As complexity increased, new network properties emerged when centrality measures from graph theory were studied; these properties were not captured in a matrix connectivity analysis. Finally, a hypothetical scenario explored alternative MPA network configurations, demonstrating how simple spatial decisions based on connectivity measures could improve recruitment and average network connectivity.
Introduction
In ecology, connectivity concerns the exchange of individuals among populations and, thereby, the dispersal ability and the spatial and temporal scales over $ c 2019. This manuscript version is made available under the CC-BY-NC-ND 4.0 license http://creativecommons.org/licenses/bync-nd/4.0/ * Corresponding author Email address: aospina.co@me.com (Andres Ospina-Alvarez ) URL: www.andresospina.eu5.net (Andres Ospina-Alvarez ) which a population of a given species is connected with other populations (Strathmann et al., 2002; Armsworth, 2002) . Most marine species have a pelagic early-life stage in which individuals (i.e., eggs, spores, larvae, juveniles) drift away from natal location transported by ocean currents. For many species, this early life stage represents the most important, or even the only mechanism of dispersal (Walford, 1938; Norcross and Shaw, 1984) . Although marine connectivity often refers only to a part of the "reproductive resilience" (as defined by Lowerre-Barbieri et al., 2016) , it remains a key com-ponent of the system affecting the recruitment and, as a consequence, the long-term dynamics and population persistence (Siegel et al., 2003; Watson et al., 2012; Travis and Dytham, 1998) . In consequence, connectivity is of great interest for the management of marine ecosystems, and a key variable to consider in the design of Marine Protected Areas (MPAs) (Botsford et al., 2003 (Botsford et al., , 2009 Lubchenco et al., 2003; Fogarty and Botsford, 2007) .
The identification of population connectivity patterns is challenging since dispersal of early-life stages is highly influenced by the stochastic nature of the physical environment (Siegel et al., 2008) and by multiple biological factors affecting the reproductive output of the spawning stock biomass (SSB), like timing of spawning, egg physiology, Pelagic Larval Duration (PLD), larval behavior, and/or larval mortality (Donahue et al., 2015; Galarza et al., 2009; Hinckley et al., 2001; Morgan, 2014; Ospina-Alvarez et al., 2012 , 2018 . While displacement routes of large-size organisms (i.e., adult fish) can be assessed using individual-tracking devices, planktonic individuals such as eggs and larvae are virtually impossible to track in the ocean (but see, Paris et al., 2013) , notably limiting our ability to characterize their dispersal (Armsworth, 2002; Kinlan and Gaines, 2003; Siegel et al., 2003; Cowen et al., 2006; Cowen and Sponaugle, 2009; Pineda, 2000) . This limitation has encouraged the use of a suite of indirect methods to reconstruct probable dispersal pathways, such as the analysis of geochemical signatures in calcified structures (Thorrold et al., 2007) and genetic structure assessments (Hedgecock et al., 2007) . However, numerical ocean current simulations coupled to egg and larval Lagrangian transport algorithms remain the most common approach for the assessment of marine larval connectivity (Alós et al., 2014; Catalán et al., 2013; OspinaAlvarez et al., 2015 OspinaAlvarez et al., , 2018 Werner et al., 2007) .
Larval connectivity derived from coupled hydrodynamic-biological individual-based models (IBMs) is usually defined as potential connectivity, which refers to the probability of connection between a source or spawning area and a destination or nursery area. In contrast, realized larval connectivity refers to the number of larvae traveling from sources to destinations (Watson et al., 2010) . Realized larval connectivity can be estimated using potential connectivity weighted by relevant biological and environmental information (Kough and Paris, 2015) . For example, an estimate of realized connectivity can be obtained by weighting potential larval connectivity with observed or modeled spatial egg production (see review by Lowerre-Barbieri et al., 2016) . These estimates can be improved by including biological aspects such as maternal effects (like body size), reproductive timing, spawning seasonality or individual spawning times (Hixon et al., 2014; Gwinn et al., 2015) . Realized larval connectivity provides spatially-explicit information on the ability of a set of sites to hold connected populations. Therefore, it could provide valuable information for the management of coastal resources. However, it is rarely considered in the design on MPA network (but see, Watson et al., 2010) .
MPAs, and particularly no-take zones, are important management tools for protecting marine ecosystems' function and diversity, as well as the services provided by these systems (Di Franco et al., 2012; Gaines et al., 2010; Pelc et al., 2009 Pelc et al., , 2010 . When properly designed and enforced, such spatially structured protected areas can mitigate the consequences of fishing on marine populations in open access areas (OAAs) by boosting productivity inside the no-take areas (Russ et al., 2004; Skilbred et al., 2006; Gill et al., 2017) . However, an effective MPA network critically depends upon the consideration of connectivity patterns, source-sink dynamics and rates of population replenishment (Botsford et al., 2009 (Botsford et al., , 2008 Lagabrielle et al., 2014; Gaines et al., 2010) . In this context, graph theory is a valuable tool for analyzing the effectiveness of MPA networks by providing a simplified and quantitative view of the multiple factors involved in the exchange among system components. Graph theory also provides insights on the system properties, and identifies critical nodes with high centrality (i.e., connected to many other areas) or clusters of well-connected nodes with high potential genetic flow and acting as bridges between distant populations (Treml et al., 2008; Kininmonth et al., 2009; Jacobi and Jonsson, 2011) . MPA network design has considered either network theory (Minor and Urban, 2008; Treml et al., 2008) or larval connectivity (e.g., Kaplan et al., 2006) . However, these approaches disregard the hydrodynamics of the area and do not benefit from merging the information provided by the two methodological frameworks.
In this study, we analyze how management decisions concerning the selection of protected sites can benefit from information about larval transport between source and sink zones and on network properties depicted from graph theory. Our approach includes the creation of a set of graph networks of increasing complexity: 1) a simple network, as a null model; 2) a network of geographical distances; 3) a network of hydrodynamic distances, obtained from a matrix of potential connectivity; and, 4) a network of biophysical distances, obtained from a matrix of realized connectivity (Fig. 1) . Finally, a "scenario" network can be constructed from the selection of nodes based on connectivity and centrality measurements scores, the latter derived from graph theory. This approach allows addressing several questions: 1) Do priority sites for protection differ when considering either connectivity (i.e., the flow of individuals between different sites) or site centrality? 2) Do priority sites differ when demographic characteristics and available habitat are coupled to larval transport model? 3) Do priority sites differ when we adopt different monitoring perspectives, e.g., a perspective based on geographic centrality or a perspective based on larval connectivity?
For this purpose, we analyze the potential and realized connectivity and the emergent properties of an ensemble of coastal species inhabiting an MPA network, where the respective sub-populations are potentially interconnected (e.g., in terms of dispersive/retentive associations between areas) through early-life stages (Basterretxea et al., 2012) . Additionally, we include realistic reproductive output of a model species to evaluate realized connectivity that allows to explore alternative MPA network configurations. Our approach emphasizes the profound dependence between fish biology and fishing pressure in the context of spatial connectivity between meta-populations. Our case study, based on a small MPA network can be adapted to other scenarios by accommodating the biological parameters to the hydrodynamic model. Thus, this work and its findings can be extrapolated to other case studies world-wide where metapopulation connectivity is incorporated in the MPA design criteria and, overall, in the marine conservation targets.
Methods
Our case-study is a mixed MPA-OAA network located in the southeastern coast of Mallorca Island, in the Western Mediterranean Sea (Fig. 2) . A complete description of environmental and hydrodynamic characteristics of the zone can be found in Basterretxea et al. (2012) . We defined 12 sites (hereafter nodes) along the coast under two management regimes: MPA and OAA (Table 1, Fig. 2 ). Five MPAs covering some of the most important ecological assets of the island (e.g., well preserved seagrass meadows, rocky reefs) are encompassed by our study zone, including the National Marine-Terrestrial Park of Cabrera (a fully no-take MPA for recreational fisheries since 1991), but for the purpose of this study, two small and nearby MPAs (Malgrats and Toro) have been considered as a single MPA.
A PLD of 21-days was used as a biological trait describing a representative ensemble of coastal species inhabiting rocky, sand and seagrass meadows of the Mediterranean Sea (Table 2) (Macpherson and Raventós, 2006) , the predominant habitats in the 12 study sites. The potential connectivity matrices obtained from hydrodynamic simulations of larval transport in the MPA-OAA network can be associated with this ensemble of species. The selected model species exemplifying the realized connectivity dynamics in the zone was the painted comber S. scriba, a highly sedentary coastal fish inhabiting rocky and seagrass meadows down to 40 m depth in the Mediterranean Sea. The dispersal of this species is mainly restricted to early-life stages (March et al., 2010) that are pelagic during ca. three weeks (Macpherson and Raventós, 2006) , when they are transported by coastal currents from natal to nursery areas (Alós et al., 2014) . Recreational angling fishery exerts a high pressure over S. scriba, affecting adult abundance, size, growth and behavior (Alós et al., 2013 (Alós et al., , 2015 . The PLD selected to represent a species ensemble has the advantage of existing weekly larval transport simulations over 10-years (2000-2009) derived from a hydrodynamic-IBM coupled model in this area (Basterretxea et al., 2012 ), which we coupled to newly-derived demographic data on the painted comber to assess total egg production (see further in the text). Therefore, part of our simulations builds on the results of this validated, generic spatially-explicit IBM, which we applied to the specific case of S. scriba.
Matrix and network graph construction
We analyzed larval flow dynamics from sources to destinations and existing self-connections linkages for the 12 nodes in potential and realized matrices representing hydrodynamic and biophysical networks respectively. The potential (hereafter, hydrodynamic) matrix is an adjacency matrix where the distance between cell pairs corresponds to a probability of exchange estimated from model-simulated hydrodynamic transport of neutrally buoyant particles. The hydrodynamic matrix embedded the PLD as a biological parameter that could represent an ensemble of species in the area. The realized matrix (hereafter, biophysical) is an adjacency matrix where the probability of connection between cell pairs depends on the hydrodynamics and biological traits (i.e., PLD), but also on demography (adult density and size structure) and the spatial variability in fecundity of S. scriba derived from available reproductive output information (Alonso-Fernández et al., 2011; Alós et al., 2013 Alós et al., , 2014 .
Any adjacency matrix can be represented as a network graph with its nodes and links. Although visual Upper right panel shows a geodesic non-directed and weighted graph network, the number of nodes is the same, but now each node was assigned a geographical position. The importance of the nodes (weights) depends on the sum of all distances to other nodes. The strength of the linkages, showed as edges, depends on distance between node pairs. Lower left panel represents a hydrodynamic directed and weighted graph network, the geographical position of nodes matches the geodesic network. The nodes and edges weights depend on the probability of connection determined by ocean currents. The directionality of ocean currents implies directionality in the linkages. The lower right panel shows a biophysical directed and weighted graph network. Here, the ocean currents exert influence on directionality and weighting of nodes and edges, but biological and ecological conditions determine the resulting importance of each node and linkage in the network. representation of adjacency matrices on its own provides valuable information about linkages into the complete network, the use of graph theory largely extends the capabilities to assess the role that each node has within a MPA-OAA network (Minor and Urban, 2008) . To explore this potential, we followed a step-by-step procedure where we analyzed network properties to understand the effect of the different levels of connectivity derived from including increasing levels of physical and biological complexity. The first level in our system can be represented as a full, non-directed and unweighted network that was used as a null-model (hereafter, simple network; Fig. 3a ). The following degree of complexity is represented by a geodesic-distance nondirected network (hereafter, geodesic network), where the probability of the connection is inversely correlated with the geographical distance between nodes (Fig. 3b) . The third level was a hydrodynamically directed network (hereafter, hydrodynamic network) representing the potential larval connectivity matrix described in the previous paragraph (Fig. 3c ). The fourth, and most complex level, was a biophysical larval transport directed network (biophysical network) representing the realized larval connectivity matrix of the painted comber as a model species (Fig. 3d) . In the biophysical network we weighted probabilities by using the total egg production variability derived from the demographic characteristics among sites and scaled at larval recruitment by the available habitat for each sub-population. This graph network is a snapshot of the current state of S. scriba population living in the mixed MPA-OAA network and subjected to variable levels of fishing pressure. In consequence, the egg abundance is a function of adult population abundance and reproductive characteristics, that are a function of the extend of available habitat (seagrass/rocky bottoms) and the level of protection (Table  1) . Finally, we explored a reserve network design scenario for S. scriba in which the least performing MPA sites, according to the connectivity measures observed in the biophysical network output, where "open to fisheries" by rating their current egg production levels to those of baseline OAA. Otherwise, the best performing OAA where "closed to fisheries" by escalating their egg production levels to those of baseline MPAs. This simulation exercise allowed us to predict potential changes in reserve network performance, after modifying the current management regime to maximize the protection of the best performing sites in the biophysical network (Fig. 3) .
Measures selection and analyses
We first built and analyzed connectivity matrices and then we used graph theory analysis to obtain additional connectivity measures and statistics for four different networks as described in 2.1 and figure 4. Our analysis is based on the selection of three indices of larval retention and ten centrality measures (Table 3 ). The larval retention indices and three centrality measures derive from the connectivity matrices: local retention (LR); relative local retention (RLR); self-recruitment (SR); degree; indegree and outdegree. The calculations for LR, RLR and SR were performed following Lett, et al. Lett et al. (2015) . From the networks, the centrality measures chosen were: node degree; indegree and outdegree; betweenness; eigenvector centrality; closeness; flow betweenness; Kleinberg's hub centrality score (hereafter, hub score); Kleinberg's authority centrality score (hereafter, authority score) and Page Rank ( Table 3 ). Note that degree, indegree and outdegree can be analyzed from either a matrix or a graph theory approach. Indegree and outdegree measures contain the basic information of the sources and sinks dynamics and for that purpose were always retained in our analysis. The selected measures characterized and ranked the nodes by their influence in the network, but not all of them are informative. We applied Principal Component Analysis (PCA) on centrality measures to identify the most informative measures in each network (following, Husson et al., 2011) . A threshold of cumulative percentage of variance of eigenvalues was set in 80%. In addition, we evaluated the correlation between the different measures in each of the networks to identify variables that provided redundant information. Of each pair of highly correlated measures (Pearson's statistic >= 0.80), we retained the most informative one according to the PCA (Fig. 4) . Additionally, to test the operationalization of measures in real-world scenarios, we identified a conservation, fisheries or management significance for each measure in the context of the geodesic, hydrodynamic or biophysical networks. This characterization allows the discussion of results in a real-world context.
Matrix and network graph analyses were performed using ' ConnMatTools' v.1.4.4, 'igraph' v.1.1.2, 'tnet' v. 3.0.14, 'sna' v.2.4.0 and CINNA v1.1.5 packages in R v.3.5.1 (Csardi and Nepusz, 2006; Opsahl, 2009; Butts, 2008; R Core Team, 2017; Ashtiani et al., 2017; Kaplan et al., 2017) . , and e, the larval export and recruitment is shown as the weighted outdegree (yellow) and indegree (blue), respectively. When export is higher than larval recruitment, the node represents a source site. When larval recruitment is higher than export, the node represents a sink site. The strength of the connection is shown as colored edges between node pairs. 
Results

Retention and self-recruitment
Results from matrix analysis are shown in Table 4 . The most relevant finding is that spawning sites exhibit high local retention that is determined by the hydrodynamic conditions in each zone. Mean self-recruitment values are 0.5 in both potential and realized connectivity (Table 4 ). The main differences between the hydrodynamic and biophysical matrices rely on the metrics of nodes 3 and 4 in the biophysical matrix, which accounted for 30% of the realized local retention, twice the value of the same nodes in the hydrodynamic matrix (Table 4) . Differences in total LR between the two matrices was ca. 1.5% (hydrodynamic = 54.6%; biophysical = 58.0%). This suggests that the specific reproductive adult characteristics and spawning intensity of S. scriba, which determine the realized connectivity, do not modify the general LR patterns observed in the hydrodynamic network representing potential connectivity. In consequence, larval connectivity would be highly influenced by the retentive nature of the southern coast of Mallorca Island.
Network and node statistics
The simple network was considered as a null-model and the first level of complexity. It is important to clarify that in this network the relationships between nodes are binary, i.e., connected nodes (1) and disconnected nodes (0). Neither the geographical distance nor the hydrodynamic distance, nor any biological parameter is determining a greater or lesser connection strength between nodes. In the case of the geodesic network, degree statistics do not provide any relevant information since this network is a non-directed network (Fig. 3, Table 5 ). Additionally, no relevant differences were detected in betweenness centrality among the nodes. Considering that geodesic is a non-directed network, some centrality measures have similar contribution to principal components, and they are not informative (i.e., Eigenvector, Hub and Authority centrality, and Page Rank scores; Fig. 5a ). We retained closeness as the only informative measure ( Figure 6 , Table 6 ). Nodes 6 and 7 had higher probability to reach any other node in the network, higher closeness, although because of the limited dimension it is not appreciated in Fig. 7a . The higher closeness of these two nodes was attributed to their central geographic position in the network.
For the hydrodynamic network, corresponding to the potential larval transport matrix, nodes 3 and 4 were highlighted as those with the highest probability of being source of larvae reaching any other node in the network, including 3 and 4 ( Fig. 3c and table 5, weighted outdegree column). If self-loops are not considered, the nodes with the highest probability of emitting successful larvae were 5 and 7. For this network, the centrality measures retained according to the PCA were: betweenness and closeness centrality (Fig. 5 ). The nodes with highest closeness indices were 5 and 7 (same value) followed by 6. However, because of the high correlation between the two measures, we dropped closeness and kept betweenness (Pearson's statistic = 0.80, Fig. 6 ). Nodes 6 and 7 exhibited the highest betweenness indices (Fig. 7b ). The links with high edge betweenness were, from high to low, 8 → 7, 7 → 6, 9 → 8, 6 → 7 and 10 → 9. Excluding the self-loops, the strongest connections were 5 → 4, 2 → 3, 7 → 6 and 5 → 6.
In the case of the biophysical larval transport connectivity network, nodes 3 and 4 held the highest weighted outdegree and indegree coinciding with what was observed in the hydrodynamic network (Fig. 3d, Table 5 ). If self-loops are not considered, the node with the highest probability of emitting successful larvae was node 5. The variables retained according to the PCA were: betweenness, closeness and Page Rank (Fig. 5) . Betweenness was partly correlated with closeness centrality (Pearson's statistic = 0.78, Fig. 6 ). Therefore, we did not drop any measure. The most important nodes in this network were 5 and 7 regarding betweenness (Fig. 7c) . The connections between the pair of nodes 4 → 5, 7 → 5, 3 → 4, 10 → 7 and 2 → 3 exhibited the highest edge betweenness within the network. The strongest connections, excluding self-loops, were 5 → 4, 5 → 6, 4 → 3, 2 → 3 and 8 → 7. Nodes 5 and 4 had the highest closeness indices revealing their importance as sources of successful larval recruits (Fig. 7c) . According to Page Rank, nodes 3 and 4 were identified as nodes with high quality of links and highest larval recruitment. There were differences between the hydrodynamic and biophysical networks in nodes identified as the most important regarding the degree, betweenness and closeness indices, but not regarding the Page Rank In the biophysical network, node 1 remained as the lowest connected node. It is important to note that the high edge betweenness of the 9-10 node pair in the hydrodynamic network was not observed in the biophysical network, while node 10 formed a new bridge with node 7 (see Fig. 7 ). However, Page Rank remained high for node 3, suggesting that the existence of bridges between nodes does not modify its status as influencer.
A management scenario based on connectivity
Considering the realized connectivity of S. scriba, as a model species, we assessed the adequacy of the matrix and centrality measures to evaluate the optimal allocation of protected sites. A management scenario was built by assigning the biological parameters (density and size structure) observed in Cabrera MPA to the best performing nodes according to the biophysical network output. Otherwise, the biological parameters observed in OAA were assigned to the least performing MPA. Accordingly, nodes 7 and 3 (current OAA) were restricted to fisheries (i.e., MPA), and nodes 1 and 9 (current MPAs) were opened to fisheries (i.e., OAA). In this scenario, the variables retained according to the PCA were closeness and betweenness (Fig. 5) , but since two measures were highly correlated (Pearson's statistic = 0.86, Fig. 6 ), and only closeness was retained. The new scenario implied an improvement of outdegree and indegree in nodes 1 to 3, and higher betweenness of nodes 3 and 4. Also, by restricting fisheries in node 7, while opening node 9, a better balance of outdegree and indegree measures in nodes 5 to 8 is achieved and the edge betweenness from nodes 3 to 7 improved ( Fig. 3d  and 7d) . Overall, the management scenario resulted in an improved connectivity throughout the nodes of the biophysical network.
Discussion
Ecological connectivity affects the ecosystem's productivity, dynamics, resilience, and capacity to generate services for humans (Carr et al., 2017) . This is a consequence of the combined effects of openness nature of marine systems and highly mobile phases of the early life stages of most marine organisms. Therefore, ecological connectivity has a great influence on the effectiveness of marine conservation measures like MPA networks (Shanks et al., 2003; Krueck et al., 2017) . In this context, graph network allows spatially-explicit representation of a complex inter-connected ecological system (Saunders et al., 2016) because different populations, represented as nodes, are connected by links that represent population connectivity pathways (Loro et al., 2015) . The combination of larval connectivity patterns in complex marine systems and the network emergent properties from graph theory may assist optimized decisions on design and management of MPA networks. However, decisions must carefully consider the PLD of potential invasive species, so the connected network does not benefit these over local species.
In an MPA network with few nodes, such as the one analyzed here, the geographic center is relatively easy to identify, and the suitability of some locations as physical grounds from which to perform surveillance tasks is readily spotted. However, more complex scenarios constituted by many nodes and intricate geographical settings, require more sophisticated approaches, such as graph theory, for identifying critical nodes. For example, MPAs in an archipelago composed of many islands, graph network can provide valuable information that could not be achieved otherwise. As shown in the present study, measures like closeness provide valuable management information, which is not explicit from traditional cartography. The adequacy of these measurements depends on the aims and the resource to be managed. For example, when managing a network of reserves, often the intention is to maximize biological connectivity, either by facilitating the mobility of adult organisms or by ensuring the departure, arrival and mobility between nodes of larvae or propagules (i.e., recruits). In this case, the hydrodynamics of the area and the biological features of the organisms, including their PLD and behavior, play a crucial role.
Our hydrodynamic network is representative of an ensemble of marine species with ca. 21-days PLD (typical for coastal species in temperate regions). In this network, we find that the identification of important nodes with respect to potential larval production and recruitment can be performed by analyzing connectivity matri- ces or measures derived from graph theory indistinctly. However, the identification by the graph theory of nodes acting as bridges through betweenness provides information of high value for multi-species management. If larval production and habitat availability for recruitment are known, as is the case of our model species (S. scriba), realized connectivity can be estimated.
Graph theory and its measures of centrality have been criticized in conservation research for overemphasizing the relevance of landscape connectivity and for providing unclear interpretability of some ecological processes (e.g., gene flow, colonization, invasion) (Moilanen, 2011) . The inclusion of information about differences in the habitat quality affecting the spawning and recruitment, and information about regional variations in population demographics like size structure, egg-larval production and the factors that affect these should ameliorate this issue. The biophysical network address this issue and evidenced that the incorporation of biological data provides an additional, and valuable source of information, to assist management decisions. Betweenness allowed us to identify the most promising nodes acting as bridges between sub-communities; closeness allowed to identify those nodes that export large quantities of larvae to the nearest nodes; and page-rank allowed to identify the nodes that are better connected to other well-connected nodes. However, the management of networks of MPAs involves making decisions about the allocation of protected areas, interspaced by areas open to fisheries (or under more permissive fisheries restriction regimes). In our scenario, we explored some management decisions to assess how these could affect the biophysical network (current scenario). We observed that small decisions, like changing the position of a single existing MPA, can increase connectivity between nodes (greater edge betweenness), strengthen connectivity between close neighbors (betweenness and closeness swapped first place in the PCA) and homogenize the importance of nodes within a network (Page Rank held similar values between nodes). Obtaining this type of information through a relatively simple analysis can facilitate decision-making in networks composed of several management units, such as mixed networks comprising OAAs and MPAs.
Graph theory has been previously explored in the context of marine species' conservation (Minor and Urban, 2008; Treml et al., 2008) . However, few studies incorporate the effect of hydrodynamics. We demonstrated that applying graph theory enables to gain a deeper insight into egg/larval dispersal network structure and function. For example, betweenness centrality identified nodes that have strategic importance for channeling large flow of propagules (high betweenness), as from 5 to 8 that are located in a hydrodynamically active area close to a cape (Fig. 7) . The incorporation of spatially-explicit information on reproductive output and graph theory analysis enabled the identification of nodes acting as stepping-stones within the complete network (betweenness centrality), as well as the main paths through which the larvae are transported (edgebetweenness). In the exchanges where the length of hydrodynamical paths did not correspond to the length of geographical paths, we were able to identify the best and worst connected nodes (closeness and Page Rank) independently of their spatial location. On the other hand, if egg production was uniform in all nodes, differences in network centrality measures should not be expected. However, previous studies in our model species (Alós et al., 2015) have found significant spatial differences in main reproductive parameters, i.e., batch fecundity, among individuals from different nodes, which highlight the need to include demographic parameter estimating the number of propagules released in our biophysical network. Egg production is a function of not only the numbers of individuals spawning but also the relative contribution of the various age/length classes to total offspring (Hixon et al., 2014) . Therefore, incorporating biological parameters of a key species allowed us to obtain a more realistic representation of the connectivity patterns through the biophysical network and the understanding of stock dynamics (Morgan and Fisher, 2010; Kell et al., 2015) .
The hydrodynamic network is highly relevant, as it can be used in absence of detailed biological information of the key species/species pool in the area of interest. In our case study, it describes our system as dominated by the highly retentive environment of Palma Bay (Alós et al., 2014) . This is particularly evidenced in nodes 3 and 4 and, less so, in all other nodes displaying high rates of relative local-retention (always > 25%). This pattern in relative local retention remained unchanged in the biophysical network; however self-recruitment rates declined in 50% at some nodes like 1 and 11 that are MPAs (see Table 1 and 4; Fig. 2) . A plausible explanation is that nodes within Palma Bay are located in a highly retentive zone, with adequate habitat conditions for the species (larger extension of seagrass, see Table 1 ) and a large population of reproductive adults. These characteristics determine that these nodes monopolize egg-larval production and potential larval recruitment (outdegree and indegree, respectively). In this way, small differences in the strength of eggs and larvae flow between node pairs are introduced, modifying the network topology. Thus, the comparison of the two networks (hydrodynamic vs. biophysical) evidenced how the relative importance of nodes as stepping-stones changes dramatically between potential and realized connectivity, indicating the significance of incorporating biological data in these models. In the biophysical network, node 5 emerged as a key node, while the importance of node 6, a key component of the hydrodynamic network, decreased drastically. We also observed how the bridge links between stepping-stone nodes changed between these networks (see Fig. 7 ), and that even this is detectable in networks dominated by high retention and self-recruitment. For example, the link between nodes 9 → 10, observed in the hydrodynamic network, disappeared in the biophysical network (see Fig. 7 ). The classification of the best-connected sites, according to their closeness, also changed between hydrodynamic and biophysical networks and node 5 stands out as the most important (note the key role this node plays across networks). We observed how betweenness and closeness centrality ranked differently the important nodes in the biophysical network. In the case study this is relevant, because node 5 is in fact a marine reserve (Fig. 1) that, according to the network centrality measures chosen, acts well as a bridge between sub-communities and as a node with high egg exportation with subsequent high larval recruitment rates. We also identified nodes with a high probability of isolation from the main network; Page Rank shows those nodes weakly connected to others and the quality of their links (i.e., low larvae flow, nodes 1 and 9). On the other hand, nodes 3, 4 and from 10 to 12, both in hydrodynamic and biophysical networks, were identified as nodes with a strong larvae flow, which suggests that their importance is strongly conditioned by their hydrodynamic connection probability.
Our work enabled outlining the coherence between the existence of MPAs and their expected properties (exporting, retaining), whereas other areas clearly present a sub-optimal management regime. The functional relationships sustained by connectivity between linked ecosystems reveals that MPAs can benefit marine populations both inside and outside the protected areas. These effects are dependent upon the degree to which the sites, and, ideally, networks, are located, configured, and managed to facilitate important ecological linkages such as the movement of species and materials (e.g., nutrients) between protected and unprotected sites (Carr et al., 2017; Burgess et al., 2014) . By changing the spatial configuration of MPAs/OAA, and allocating MPAs in the best performing sites, ecological connectivity through the network could be improved and contribute to the resilience of the whole spawner-recruit system. In our case, the new scenario improved the outdegree, indegree and betweenness in the Palma Bay area. Also, it achieved a better balance of outdegree and indegree measures in the southern cape area. Still, the crucial nodes in the network were nodes 3 to 5, however, node 7 gained relevance in maintaining the connectivity with the more peripheral nodes, including the Cabrera Archipelago MPA.
Our study relies on S. scriba as a case-study species, due to availability of biological data in the area of study. However, the spatial optimization of MPAs in more realistic case studies should incorporate in the biophysical model a set of species representative of the species pool per habitat type in the region (Blanco et al., 2019) . Despite its limitations, the scenario allowed an improved connectivity throughout the nodes of the biophysical network, the desirable target of a spatial optimization process (White et al., 2014) . MPA networks as a conservation or fisheries management tool is dependent on two mechanisms: persistence and spillover. Conservation of marine populations within the MPAs largely depend on persistence. Otherwise, larger benefits for fisheries would be obtained when maximizing spillover, although generally it implies a trade-off with persistence (Chollett et al., 2017) . Additionally, by the incorporation of biological information of a key target species, we could maximize fisheries benefits by protecting sources of propagules and nursery areas of species of high fisheries interest. We contend that it is nowadays relatively easy to include spatiallyexplicit information from many systems where "standard" Lagrangian particle tracking exercises have been conducted. This will assist the adoption of the concept of the "reproductive system" by Barbieri et al. LowerreBarbieri et al. (2016) as a more realistic framework to analyze population resilience through time and produce a more detailed view of the connectivity patterns in meta-populations of marine species. The approach presented here evidenced connectivity properties of a set of MPA and OAA sites, including export and import of propagules, self-recruitment, stepping-stones properties, essential habitat, etc. These properties are essential to make decisions about the allocation of protected areas at a regional and holistic scale, both from a fishery and a conservation perspective, when the objective is to protect spawning and nursery areas or to protect a metapopulation of marine species. An important property of this methodological approach is its transferability to other species and regions (as long as population parameters and connectivity data are available), so it can be extended to consider more complex case studies that consider biophysical models for multi-species assemblages, thus further covering conservation objectives. Table 3 : Set of centrality measures selected in the framework of this study. For each measure we described the scope and MPA-OAA network interpretation measure source scope interpretation indegree matrix and network graph
The number of edges directed into a node in a directed graph. Also, the number of incoming connections for a node.
Nodes with very high indegree centrality can be acting as nursery, sensitive recruitment or settlement zones. outdegree matrix and network graph
The number of edges directed out of a node in a directed graph. Also, the number of outcoming connections from a node.
Nodes with very high outdegree centrality can be acting as essential spawning habitats. Genetically, subpopulations inhabiting nodes with very high outdegree have a high probability to spread genes to other subpopulation in the network. degree matrix and network graph
The degree of connectivity to a node in a network is a measure of the number of in and out links of a node.
Degree centrality indicates a node is involved in a large number of interactions with other nodes. Nodes with very high degree centrality can be acting as keystones since they are connected to many neighboring nodes.
betweenness network graph
It indicates nodes that have a high probability of having routes that connect them to other nodes in the network. Alternatively, it indicates nodes in an intermediate position between groups of neighboring nodes very well connected.
Nodes with high betweenness centralities have been termed "bottlenecks" or "bridges" and they are preventing the fragmentation of the network. A node acting as a bridge between two well-differentiated sub-populations should have a high betweenness.
eigenvector centrality network graph
This measure ranks higher the nodes that are connected to important neighbors. In general, nodes with high eigenvector centralities are connected to many other nodes that are in turn connected to many nodes.
It is a measure of the influence of a node in a network. Nodes with high eigenvector centralities mean high-productivity and high-recruitment nodes connected to other high-productivity, high-recruitment nodes.
closeness network graph
The closeness of a node can be calculated according to its shortest path to all other nodes in the network. It indicates important nodes that can communicate easily with other nodes of the network.
Nodes with a higher closeness have a high probability of exporting propagules to their nearest neighboring nodes.
flow betweenness network graph
It is defined as the proportion of times an individual is on the shortest path between peers in the network. Flow betweenness determines how good of an intermediary node or a go-between a node is between an exporter and an importer node.
By eliminating nodes with a high flow betweenness, the network breaks down and many nodes become isolated. Propagules exported from highly productive areas do not reach recruitment areas and those nodes that could receive many propagules are disconnected.
Kleinberg's hub centrality score (aka. hub score) network graph A variant of eigenvector centrality that works well to identify the hubs in a network, i.e., the most important nodes according to the outgoing links.
Nodes with high hub scores mean high-productivity nodes connected to other high-productivity nodes. Nodes acting as essential habitats for reproduction connected to other similar nodes.
Kleinberg's authority centrality score (aka. authority score) network graph A variant of eigenvector centrality that works well to identify the authorities in a network, i.e., the most important nodes according to the incoming links.
Nodes with high authorities scores mean highrecruitment nodes connected to other high-recruitment nodes.
Nodes acting as essential nursery habitats connected to other similar nodes.
Page Rank network graph
Algorithm developed by Larry Page and Sergey Brin, founders of Google. Page Rank works by assigning importance to a web-page (node) if important pages (other nodes) point to it. Counting the number and quality of links reveals the web-pages (nodes) that are likely to receive more links from other webpages (nodes).
It can be interpreted in a similar way to the authority score. Table 6 : Centrality measures used (retained from analysis) to characterize the geodesic, hydrodynamic and biophysical networks. The criteria and contribution to achieve management, conservation or fisheries targets is explained. The objectives in hydrodynamic or biophysical networks depend on the biological parameters included in the model. When these parameters correspond to a species target of the fishery, the objective is "Fisheries"; when they correspond to parameters from an unknown pool of species with a same PLD and behavior (hydrodynamic) the objective is "Conservation"; when they correspond to a flag species in the area ("biophysical") the objective is "Conservation". Biophysical networks consider population dynamics because the production of propagules along a spatial gradient is estimated to initialize the model. 
